An increasing number of studies recognizes the importance of characterizing species diversity and composition of bacteria hosted by biota for systems that range from oceans to humans. This task is typically addressed by using environmental sequencing data ("metagenomics"). However, determining microbiomes diversity implies the classification of species composition within the sampled community, which is often done via the assignment of individual reads to taxa by comparison to a reference database.
Introduction comparison method and its parameters. For example in k-mer based methods, the 48 choice of k determines sensitivity and precision of the classification, such that sensitivity 49 increases and precision decreases with increasing values for k, and vice versa. As we will 50 show, false positive predictions often need to be corrected heuristically by removing all 51 species/taxa with abundance below a given arbitrary threshold (see Materials and 52 Methods section for an overview on different algorithms of taxonomy classification). 53 Several studies have performed comparisons of taxa inferred from 16s amplicon and 54 shotgun sequencing data, with samples ranging from humans to studies of water and 55 soil. Logares and collaborators [25] studied communities of bacteria marine plankton 56 and found that shotgun approaches had an advantage over amplicons, as they rendered 57 more truthful community richness and evenness estimates by avoiding PCR biases, and 58 provided additional functional information. Chan et al. [26] analyzed thermophilic 59 bacteria in hot spring water and found that amplicon and shotgun sequencing allowed 60 for comparable phylum detection, but shotgun sequencing failed to detect three phyla. 61 In another study [27] 16S and shotgun methods were compared in classifying community 62 bacteria sampled from freshwater. Taxonomic composition of each 16S rRNA gene database [43] .
Our criterion for choosing the set of marker domain families is that we uncover the 97 existence of a set of core families that are typically at most present in one or very few 98 copies per genome, but together cover uniquely all 8116 bacteria species in the PFAM 99 database with an overall quite short sequence. Using presence of these core PFAMs 100 (mostly related to ribosomal proteins) as a filter criterion allows for detecting the 101 correct number of species/taxa in the sample. We tested our approach in a protocol 102 called "Core-Kaiju" and show that it has a higher accuracy than other classification The traditional approach to overcome this problem is to cluster amplicon sequences 115 into the so-called operational taxonomic units (OTUs), which are based on an arbitrary 116 shared similarity threshold usually set up equal to 97% for classification at the genus 117 level or 98-99% at the species level. Of course, in this way, these approaches lead to a 118 reduction of the phylogenetic resolution, since gene sequences below the fixed threshold 119 cannot be distinguished one from the other.
120
That is why, sometimes, it may be preferable to work with exact amplicon sequence 121 variants (ASVs), i.e. sequences recovered from a high-throughput marker gene analysis 122 after the removal of spurious sequences generated during PCR amplification and/or 123 sequencing techniques. The next step in these approaches is to compare the filtered sequences with reference libraries as those cited above. In this work, we chose to more reads in real metagenomes than nucleotide-based k−mers methods. Therefore, previous studies on the community composition and structure of microbial communities 158 in the human can be actually very biased by previous metagenomic analysis that were 159 missing up to 90% of the reconstructed species (i.e. most of the species they found were 160 not present in the gene catalog). We therefore chose to work with Kaiju (with MEM 161 option) for our taxonomic analysis. Although it resulted to give better estimates of 162 sample biodiversity composition with respect to amplicon sequencing techniques, we 163 found that it generally overestimates the number of genera actually present in our 164 community (see Sec. Results) of two magnitude orders. To overcome this, we 165 implemented a new release of the program, Core-Kaiju, which contains an additional 166 preliminary step where reads sequences are firstly mapped against a newly protein 167 reference library we created containing the amino-acid sequence of proteomes' core 168 PFAMs (see following section). We also compared Kaiju 1.0 and Core-Kaiju results with 169 those obtained via another widely used program for shotgun data analysis,
170
MetaPhlAn2 [35, 36] .
171
Characterization of the core PFAM families 172 After downloading the PFAM database (version 32.0), we selected only bacterial 173 proteomes and we tabulated the data into a F × P matrix, where each column 174 represented a different proteome and each row a different protein domain. In particular, 175 our database consisted of P = 8116 bacterial proteomes and F = 11286 protein families. 176
In each matrix entry (f, p), we inserted the number of times the f family recurred in 177 proteins of the p proteome, n f,p . By summing up over the p column, one can get the 178 proteome length, i.e. the total number of families of which it is constituted, which we 179 will denote with l p . Similarly, if we sum up over the f row, we get the family 180 abundance, i.e. the number of times the f family appears in the PFAM database, which 181
we call a f . Figure 1 shows the frequency histogram of the proteome sizes (left panel) 182 and of the family abundances (right panel). Our primary goal was to find the so-called 183 core families [47] , i.e. the protein domains which are present in the overwhelming 184 majority of the bacterium proteomes but occurring just few times in each of 185 them [40, 48] . In order to analyze the occurrences of PFAM in proteomes, we converted 186 
PFAM ID Function

PF00453
Ribosomal protein L20 PF00572
Ribosomal protein L13
PF01029
NusB family (involved in the regulation of rRNA biosynthesis by transcriptional antitermination) PF01196
Ribosomal protein L17
PF01649
Ribosomal protein S20 (Bacterial ribosomal protein S20 interacts with 16S rRNA) PF01795
MraW methylase family (SAM dependent methyltransferases) PF03947
Ribosomal Proteins L2, C-terminal domain PF08338
Domain of unknown function (DUF1731) PF09285 EF-P (elongation factor P) translation factor required for efficient peptide bond synthesis on 70S ribosomes PF17136
Ribosomal proteins 50S L24/mitochondrial 39S L24
Since we wish to have at least one representative core PFAM for each proteome in 197 the database, we checked whether with these selected core families we could "cover" all 198 bacteria. Unfortunately, none of them resulted to be present in proteomes 479430 and 199
1609106, corresponding to Actinospica robiniae DSM 44927 and Streptomyces sp.
200
NRRL B-1568, respectively. We therefore added to our core PFAM list the most 201 prevalent PFAMs present in such proteome, which resulted to be PFAM PF08338, 202 occurring in 43% of the proteomes. In particular, we noticed that, if we selected, among 203 our core protein domains, the PFAMs PF00453, PF00572, PF01029, PF01649, PF01795, 204 PF03947, PF08338, PF09285 and PF17136, we were able to cover the whole list of 205 proteomes of the databases. Therefore, in order to reduce the number of PFAM to work 206 with, we restricted our following analyses to these ten domains that we consider the core 207
PFAMs of bacteria proteomes.
208
Principal Coordinate Analysis
209
In order to explore whether the expression of the core PFAM protein domains are 210 correlated with taxonomy, we did the following. First, we downloaded from the UniProt 211 database the amino acid sequence of each PFAM along the different proteomes. In 212 Figure 6 , we show the frequency histogram of their sequence length, which resulted to 213 be highly picked around specific values. Firmicutes. For other families as PF01196 (see Figure 4 , left panel), all five phyla result 238 to be clustered, suggesting a higher correlation between taxonomy and amino-acid 239 sequences (see Supporting Information, Figure S3 , for the other core families graphics). 240
These results suggest that some core-families (e.g. ribosomal ones) are phyla dependent, 241 while other are not directly correlated with species taxa.
242
Mock Bacteria Communities
243
We tested shotgun versus 16S taxonomic pipelines on three artificial bacterial 244 communities generated by Jovel et al. [28] , whose raw data are publicly available at the 245 We inserted, for each core family (PFAM ID, first column), the percentage of proteomes in which it appears (prevalence, second column), the maximum number of times it occurrs in one proteome (maximal occurrence, third column), the total number of times it is found among proteomes in the PFAM database (total occurrence, fourth column) and the percentage of variance explained by the firs two coordinates (PCo1 and PCo2, last two columns) when MDS is performed on sequences belonging to the five most abundant phyla (see Figure 4 ). sequencing, we evaluated the performance of Dada2 [37] and QIIME2 pipelines [38] . In 252 particular, as shown in [28] , QIIME2 showed more reliable results in terms of relative 1. Classify the reads with Kaiju using the database with the core protein domains can notice the main gap between genera of relative abundances of less than 5 · 10 −3 283 (black points) and those with relative population above 10 −2 (green points), which 284 correspond to the genera actually present in the artificial community. One could 285 therefore guess that, whenever such a gap is detected in the RSA, this corresponds to 286 the one between false-positive and truly present taxa. However, this is not always the 287 case. We analysed a cohort of 26 healthy human fecal samples from the study [53] 288 (metagenomic sequencing data are publicly available at the NCBI SRA under accession 289 number SRP057027). We applied both Kaiju 1.0 and Core-Kaiju and found (when no 290 threshold is set on either relative or absolute abundances) on average 2108 and 164 291 bacterial genera, respectively. The available amplicon-sequencing datasets from stool 292 samples of healthy participants of the human microbiome project [1] suggest that there 293 are on average 25 different bacterial genera found in each sample (based on 174 samples 294 with at least >5k reads per sample using 97% OTU clustering [54] ).
PFAM ID Prevalence
295
The right panel of Fig 5 shows the empirical RSA of one individual (sample ID: 296 SRR2145359). As we can see, in this case the only apparent gap occurs between relative 297 abundance of less than 10 −1 and those above 0.5, with only one genus. It therefore 298 results quite unrealistic that all the taxa but only should be considered false-positive.
299
The same plot shows the vertical lines corresponding to threshold on relative population 300 of 0.01%, 0.1% and 1% above which we have 97, 32 and 10 taxa, respectively. In 301 contrast, by applying a threshold on the absolute abundance of reads on Core-Kaiju 302 output, we end up with 25 genera (orange points in figure) , which is compatible with 303 the previous estimate.
304
Comparison between methods, using the same in silico test 305 data-sets 306 After the preliminary exploratory analysis on the core protein domains, we tested 307 Core-Kaiju pipeline in detecting the biodiversity composition of the three mock On the left panels: Relative species abundance plots for the first mock community (see Materials and methods section). Green diamonds are the genera actually present in the artificial community and correctly detected by Core-Kaiju algorithm. The red triangle corresponds to the unique false-positive genus (Moraxellaceae Acinetobacter ) detected with the newly proposed method. Dashed lines represent relative abundance thresholds on Kaiju 1.0 output of 0.01%, 0.1% and 1%, respectively, which would have led to a biodiversity estimate of 34, 9 and 7 genera, respectively. Imposing an absolute abundance threshold of ten reads on Kaiju 1.0 output directly, would instead lead to an estimation of 145 genera. On the right panels: the same analyses have been performed on a human gut sample of a healthy individual, where Kaiju 1.0 detects (without any threshold) 2165 genera. In this case the number (and label) of the actual present species is unknown. Nevertheless estimates from a reference cohort of stool microbiomes [54] from 174 healthy HMP participants (16S V3-V5 region, >5k reads per sample, 97% OTU clustering), the average number of genera per sample is 25 (max=46, min=9) [1] . Setting a threshold on the relative abundance of reads produced by Kaiju 1.0 gives a number of genera of 97 for the 0.01%, 32 for the 0.1% and 10 for the 1% threshold, respectively. In contrast, considering false-positive all genera with less or equal to ten reads in Kaiju 1.0 output, we end up with 864 genera. Orange triangles in plot correspond to the 25 genera detected with Core-Kaiju, a number compatible with the reported estimates. Bottom panels represent cumulative patterns. see, in all three cases the predicted community composition was satisfactorily captured 311 by our method, with an R 2 value higher than 0.75 (see Table 3 ). We also evaluated the 312 performance of other shotgun and 16s pipelines for the taxonomic classification of the 313 three mock communities. In particular, for 16s analysis, we applied Dada2 and Qiime2 314 with different reference libraries (GreenGenes [31, 32] , the Ribosomal Database Project 315 (RDP) [33] , and SILVA [29, 30] ), whereas for shotgun analysis, we compared the 316 obtained results with Kaiju 1.0 and MetaPhlAn 2. In Figure 7 we showed the true 317 relative genus abundance composition of the three mock communities versus the ones 318 predicted via the different taxonomic pipelines tested. R-squared values for the linear fit 319 performed and number of genera predicted in the various cases are shown in Table 3 . As 320 we can see, both Core-Kaiju and MetaPhlAn 2 give a correct estimate of the number of 321 genera in the communities (which is equal to seven), whereas all 16s methods slightly 322 overestimate it and Kaiju 1.0 give a number which is around two orders of magnitude 323 higher than the true one. Moreover, fit with Kaiju 1.0 and Core-Kaiju of the predicted 324 abundances displayed a higher determination coefficient with respect to other pipelines. 325
With Core-Kaiju, we were therefore able to produce a reliable estimate of both the 326 number of species within the communities and their relative abundances.
327 Table 3 . R-squared values and number of predicted genera. For all three analysed mock communities, we insert the R 2 value of the linear fit performed between estimated and true abundances together with the number of predicted genera,Ĝ, with various taxonomic methods. The true number of genera is G = 7 for each of them. Red points represent data of the genus relative abundance predicted by Core-Kaiju on the three Mock communities versus the true ones, known a priori. The green line is the linear fit performed on obtained points which, in the best scenario, should coincide with the quadrant bisector (dotted black line). In all three cases the predicted community composition was satisfactorily captured by our method. very useful for functional characterization, restriction to a smaller set of families may be 335 a very good idea when the goal is to identify the species and their abundance.
Discussion and Conclusions
336
Additionally, comparative genomics studies have shown that horizontal gene transfer 337 (and plasticity) is gene-family dependent, and identified the degree that different 338 families that contribute the least (and the most) to genome plasticity [40, 58] . As we 339 have shown in this study, such knowledge can be exploited to restrict the set of 340 sequences used to identify species.
341
To summarize, we have presented a novel method for the taxonomic classification of 342 microbial communities which exploits the peculiar advantages of both whole-genome PFAM file is organized as follows (see Figure S1 ). The first line gives information on Unfortunately, for many of the proteins known to constitute the proteome, the information about their domains is not available, so that in the first column we may find a lower number of proteins than the one indicated at the second text line. In our example, for only 2936 of the 4334 proteins the corresponding families are indicated. January 3, 2020 21/30
UniProt database [62] . There, for each protein, it is possible to download 4 a fasta file 394 with its amino acid sequence. For example, for the Q5ICN6 protein in the PFAM data 395 set, one obtains the fasta file shown in Figure S2 , where the first two lines give 396 information on the organism to which the protein belongs and the following lines give 397 the complete amino acid sequence. Therefore, for example, if we are interested in the 398 sequence of any protein family present in the PFAM file, it suffices to read the fasta file 399 from the PFAM starting position to the ending one (in our example, for the PFAM 400 PF04545, we have to read from the 222 th amino acid to the 275 th ). Program.
